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terized	by	a	 single	principal	 stem,	well	 developed	 in	height.	However,	 their	use	 in	
open	woodlands	and	shrublands,	characterized	by	multistemmed	species	with	sub-
stantial	crown	development,	generates	a	high	 level	of	uncertainty	 in	biomass	esti-






Major taxa studied: 118	species	of	shrubs.
Methods: We	 compile	 a	 database	 of	 3,243	 individuals	 across	 49	 sites	 distributed	
worldwide.	 Including		stem	basal	diameter,	height	and	crown	diameter	as	predictor	
variables,	we	built	potential	models	and	compared	 their	 fit	using	generalized	 least	
squares.	We	 used	mixed	 effects	 models	 to	 determine	 if	 bioclimatic	 variables	 im-
proved	the	accuracy	of	biomass	models.
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1  | INTRODUC TION
Over	recent	decades,	vegetation	cover	shifts	due	to	land	use	changes	
have	deeply	affected	 the	global	 carbon	budget,	 representing	c. 18% 
of	the	total	carbon	emissions	globally	 (Le	Quéré	et	al.,	2018).	 In	this	
context,	carbon	mitigation	projects		intended	to	protect	and	enhance	






























woodlands	 and	 open	 forests,	 where	 vegetation	 communities	 are	
dominated	by	multistemmed	and/or	small	woody	individuals,	these	
generalized	 biomass	 models	 based	 on	 DBH	 do	 not	 fit	 accurately.	
This	is	because	these	woody	species	typically	have	a	well-developed	
crown,	 branching	 off	 at	 stem	heights	 below	1.3	m	 (Vesk,	Warton,	
&	Westoby,	 2004).	 For	 the	 purpose	 of	 this	 study,	 “shrubs”	 are	 all	
woody	 non-climbing	 plants	 with	 multiple	 stems	 and/or	 small	 size	
that	do	not	meet	the	tree	definition	criteria	(i.e.,	a	perennial	woody	
plant	 with	 many	 secondary	 branches	 supported	 by	 a	 single	 main	
stem	or	trunk	with	clear	apical	dominance;	Richardson	&	Rejmánek,	








species,	 as	 they	 define	 plant	 architecture	 better	 than	 diameter.	
Inclusion	of	these	allometric	variables	would	improve	the	fit	of	mod-
els	used	to	quantify	shrub	AGB,	representing	alternative	measures	




just	 recently	 started	 to	 be	widely	 recognized,	 especially	 for	 trees	
(Feldpausch	et	al.,	2012;	Goodman,	Phillips,	&	Baker,	2014;	Jucker	
et	al.,	2017;	Ploton	et	al.,	2016).	Wood	density	has	also	been	doc-









data,	which	 are	 enormously	 time-consuming	 and	 expensive	 to	 ac-
quire	(Chave	et	al.,	2014;	Paul	et	al.,	2016).	Species-specific	models	
locally	developed	for	shrub	species	across	ecosystems	provide	ac-
















We	 analysed	 a	 globally	 distributed	 database	 of	 direct-harvest	
biomass	of	multistemmed	and/or	small	woody	species.	The	dataset	
K E Y W O R D S
allometric	model	construction,	biomass	equation,	carbon	inventories,	crown	diameter,	
dimensional	relationships,	multistemmed	individuals,	plant	allometry,	scaling	relationships
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included	 49	 undisturbed	 vegetation	 and	 secondary	 forest	 sites,	
spanning	 a	 wide	 range	 of	 vegetation	 types,	 for	 a	 total	 of	 3,243	
woody	 individuals	 belonging	 to	 118	 different	 shrub	 species.	 The	
following	questions	were	 addressed:	 (a)	which	 are	 the	 best	 global	
AGB	models	developed	for	shrubs	based	on	commonly	used	allome-
tric	variables?;	(b)	how	do	our	AGB	models	compare	in	performance	





progress	 in	 overcoming	 issues	 related	 to	 modelling	 AGB	 in	 mul-
tistemmed	and/or	small	woody	individuals	globally.
2  | MATERIAL S AND METHODS
2.1 | Database development
We	compiled	a	database	of	published	papers	that	developed	AGB	





and	 Google	 Scholar	 during	 the	 years	 2016	 and	 2017	 using	 the	








diameter	 (CD);	 individual	 height	 (H);	 and,	 if	 available,	 a	measure	
of	 total	 stem	 diameter	 (basal	 diameter,	 measured	 below	 30	cm	













included	 harvested	 individuals,	 but	 at	 the	 expense	 of	 increasing	
the	model’s	biases.	More	accurate	estimations	of	AGB	are	possi-
ble	by	precisely	defining	the	basal	stem	height	at	the	diameter	at	





played	 in	 figures,	we	used	a	data	extraction	software	 (Tummers,	
2006).	When	data	were	not	publicly	 available,	 the	dataset	 asso-
ciated	with	 the	published	 reference	was	 requested	 from	 the	au-
thors.	More	detailed	information	about	the	database	compilation,	
analysis	and	screening	are	in	Supporting	Information	Text	S1.







To	 test	 if	 model	 parameters	 change	 under	 particular	 biocli-
matic	conditions,	we	 included	the	species’	bioform,	as	well	as	the	
corresponding	 biome	 and	 the	 global	 aridity	 index	 (GAI)	 category	
for	 the	 study	 site.	We	 subcategorized	 shrub	 species’	 bioforms	 as	
mangroves,	 subshrubs,	 shrubs	 (i.e.,	 small	 size	 woody	 individuals	
typically	multistemmed)	and	“shrubs	sometimes	small	 trees”	 (SST)	
(i.e.,	medium	 sized	woody	 plants,	with	 variable	 architecture	 from	
multistemmed	 to	 single-stemmed)	 (Zizka,	 Govender,	 &	 Higgins,	
2014).	This	categorization	followed	the	authors’	description	of	the	
species	and	 the	available	 information	on	 local	 floras	or	digital	 re-
positories	 (see	specific	 references	 in	Supporting	 Information	Text	
S1).	Taxonomic	information	for	each	species	was	carefully	checked	
for	consistency	using	The	Plant	List	(http://www.theplantlist.org/).	
Each	 individual	 shrub	 in	 the	 database	was	 assigned	 to	 one	of	 six	
biome	 types	 based	 on	 its	 geographic	 location:	 “Tropical	 &	 sub-
tropical	 forests	 &	 shrublands”;	 “Temperate	 coniferous	 forests”;	
“Temperate	mixed	forests”;	“Savannas,	woodlands	&	Mediterranean	
forests”;	“Grasslands	&	shrublands”	or	“Deserts	&	xeric	shrublands”	









A	 first	 overview	 of	 the	 database	 showed	 that	 it	 included	 49	
study	sites	 (Figure	1a),	 from	published	and	unpublished	sources,	
for	a	total	of	3,243	harvested	shrub	individuals,	belonging	to	118	
species	 and	 35	 families	 (see	 Supporting	 Information	 Table	 S2),	
spanning	 a	wide	 range	of	woody	 shrub	 sizes	 (BD:	0.5–41.74	cm;	
H:	0.2–20.76	m;	CD:	0.2–13.02	m;	AGB:	0.01–926.30	kg,	ρ:	0.38–
1.07 g/cm3).	 The	database	 sites	were	distributed	 along	different	
combinations	of	temperature	and	precipitation,	but	with	a	stron-
ger	 representation	 under	 1,000	mm	 MAP	 and	 semi-arid	 sites	
(GAI	 between	 0.2	 and	 0.5)	 (Figure	 1b,d).	 “Savannas,	 woodlands	
&	Mediterranean	forests”	were	the	most	represented	biome	type	




2.2.1 | Developing a global shrub species 
aboveground model
Allometric	model	 construction	was	 based	 on	 regressing	AGB	 as	 a	
dependent	 variable	 against	 one	 or	 several	 independent	 variables.	
The	 independent	 variables	 considered	 were	 stem	 basal	diameter	
(BD	or	BDest,	cm),	tree	height	(H,	m),	mean	crown	diameter	(CD,	m)	
and	wood	density	(ρ).	First,	we	fitted	a	log-log	model	relating	AGB	
to	each	 individual	 allometric	 variable	 separately	 to	 explore	 which	
was	the	best	AGB	predictor.	The	tested	log-log	models	had	the	fol-
lowing	mathematical	form	(in	the	simplest	version):
where	X	refers	to	the	putative	independent	variables,	α and β are 
model	parameters,	and	ε	is	an	error	term.
For	practical	use,	estimated	biomass	predictions	computed	using	
a	 log-log	 model	 must	 be	 back-transformed	 to	 the	 original,	 plant-
biomass	scale.	Because	 this	 transformation	 is	nonlinear,	and	 there	
is	variability	 in	 the	observed	data	around	the	 fitted	 relationship,	a	
simple	exponential-based	transformation	(a	“naïve”	transformation)	




those	 corrections.	We	 tested	 the	 naïve	 version	 together	with	 the	
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ables	 in	 all	 possible	 combinations	 and	 compared	 the	 fit	 of	 the	

















We	 used	 the	 GLS	 procedure	 using	 the	 maximum	 likelihood	 (ML)	
method	to	obtain	the	model’s	AIC	and	then,	using	the	REML	method,	
we computed R2	and	RMSE.
After	 selecting	 the	 best	 statistical	 models,	 we	 reparametrized	
the	models	using	 the	complete	analysis	dataset	 to	 include	all	data	
points	 available	 for	 each	 particular	model,	 given	 that	 different	 al-
lometric	 variables	 had	 different	 sample	 sizes.	 Then,	 for	 each	 final	
model	we	reported	the	number	of	 individuals	used	to	obtain	 their	
particular	parameters.
2.2.2 | Testing established allometric models
We	used	the	fitting	dataset	to	compare	the	performance	of	the	final	
selected	models	together	with	already	existing	and	well-established	
global	 models	 in	 predicting	 the	 individual	 AGB.	 The	 already	 pub-
lished	global	models	selected	were:
1.	 The	 one	 proposed	 by	 Chave	 et	 al.	 (2014)	 using	 DBH,	 H and 
ρ	 as	 predictive	 variables	 for	 pantropical	 trees,
2.	 A	 global	 tree	 model	 proposed	 by	 Jucker	 et	 al.	 (2017)	 for	 an-















All	 model	 comparisons	 were	 performed	 using	 their	 back-trans-
formed	 versions	 to	 estimate	 AGB	 from	 the	 fitting	 dataset.	 In	 some	
cases,	we	then	log-transformed	data	to	facilitate	graphical	comparisons.
















compared	with	each	original	model,	 to	evaluate	 if	 the	 inclusion	of	
bioclimatic	variables	improved	the	fit	of	the	models.
All	 statistical	 analyses	were	performed	using	R	 statistical	 soft-
ware	version	3.4.0	(R	Core	Team,	2017).	Climatic	data	extraction	was	
carried	out	using	the	extract	function	from	the	“raster”	package	in	
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3  | RESULTS
3.1 | Developing a global shrub species 
aboveground model
Preliminary	 analyses	 using	 only	 single	 predictor	 variables	 (i.e.,	






The	analysis	 to	 find	 the	best	predictive	model	of	AGB	showed	
that,	in	general,	models	including	BD	had	the	highest	predictive	ca-
pacity.	Even	when	BD	was	the	only	predictive	variable	in	the	model,	
goodness	 of	 fit	was	 superior	 to	 any	 other	model	 including	 all	 the	
remaining	variables.	However,	the	inclusion	of	other	allometric	vari-
ables	 (particularly	CD,	but	also	H)	 significantly	 improved	 the	 fit	of	
the	models	 (Figure	3).	When	BD	was	not	 included	 as	 a	predictive	














(8)AGBest=e(−2.281+1.525 Ln (BD)+0.831 Ln (CD)+0.523 Ln (H))
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respectively)	but	Model	1	had	a	better	general	fit	 in	terms	of	AIC,	




capacity	 within	 the	 proposed	 models	 (average	 systematic	 bias	 of	
+12.9%).
Surprisingly,	when	 comparing	 bias	 between	 predicted	 and	 ob-
served	 values	 obtained	 for	 each	 model	 after	 applying	 the	 REML,	




retained	 the	 simplest	 version	 of	each	of	 the	 selected	models,	 and	
computed	the	REML	correction	factor	only	for	the	reported	version	
of	Model	4.
3.2 | Testing established allometric models
Model	 1	 (Equation	 8)	 and	 Chave	et	 al.’s	 model	 (Equation	 3)	 were	
the	best	fitted	models	(Figure	5	and	Supporting	Information	Figure	


























sion	of	 the	 variable	bioform	 in	Model	 1	decreased	AIC	 and	RMSE	
by	17	and	7.3%,	respectively,	whereas	the	inclusion	of	biome	or	GAI	
reduced	AIC	and	RMSE	by	no	more	than	5%.	The	pattern	was	main-
tained	 across	 the	 four	 proposed	models	with	 bioform	 as	 the	 vari-
able	 that	most	 increased	model	performance	according	 to	 the	AIC	
criteria.	However,	for	the	case	of	Models	2	and	3,	AIC	reduction	was	






















error;	 AIC	 =	 Akaike	 information	 criterion.	 All	 regression	 analyses	 were	 statistically	 significant	




TA B L E  1  Comparison	of	shrub	
aboveground	biomass	regression	models
8  |     CONTI eT al.
also	higher	when	both	biome	(AIC	decreased	by	11.2	and	15.5%	for	
Models	 2	 and	3,	 respectively)	 and	GAI	 (AIC	 decreased	 by	 9.4	 and	
14%,	 for	Models	 2	 and	 3,	 respectively)	were	 included.	 Supporting	
Information	Tables	S5	to	S8	show	the	results	for	all	remaining	models.
4  | DISCUSSION
By	 analysing	 a	worldwide	dataset	 of	 3,243	woody	 individuals,	we	
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presented	 in	Paul	 et	 al.	 (2016)	 showed	 that	AGB	prediction	based	



















Models AIC RMSE AIC change (%) RMSE change (%)
Model	1 1,966 0.476   
Model	1	+	bioform 1,631 0.441 17.04 7.35
Model	1	+	biome 1,875 0.452 4.63 5.04
Model	1	+	GAI 1,881 0.457 4.32 3.99
Model	2 2,278 0.531   
Model	2	+	bioform 1,912 0.493 16.07 7.16
Model	2	+	biome 2,022 0.477 11.24 10.17
Model	2	+	GAI 2,064 0.485 9.39 8.66
Model	3 2,745 0.625   
Model	3	+	bioform 2,235 0.558 18.58 10.72
Model	3	+	biome 2,319 0.530 15.52 15.20
Model	3	+	GAI 2,360 0.538 14.03 13.92
Model	4 2,979 0.677   
Model	4	+	bioform 2,492 0.614 16.35 9.31
Model	4	+	biome 2,882 0.647 3.26 4.43
Model	4	+	GAI 2,967 0.668 0.40 1.33
Note.	AIC	=	Akaike	information	criterion;	RMSE	=	root	mean	square	error;	GAI	=	global	aridity	index.	
Values	in	bold	represent	changes	>5%.	Statistical	descriptors	were	obtained	considering	the	same	
number	 of	 individuals	 (n	=	1,444)	 for	 comparison.	Mixed	models	 including	 random	 intercept	 and	
slope	had	the	best	fit	in	all	cases,	except	for	Model	4	for	which	mixed	model	including	random	slope	
but	fixed	intercept	had	the	best	fit	for	the	case	of	bioform.
TA B L E  2  Absolute	change	(%)	in	the	
predictive	capacity		of	models	after	
including	different	bioclimatic	variables
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In	agreement	with	Goodman	et	al.	(2014)	and	Jucker	et	al.	(2017)	
our	 results	 indicate	 that	 AGB	models	 incorporating	 a	 crown-re-
lated	variable	have	significantly	improved	predictive	power,	even	






10%)	 and	 lastly	 by	 ρ	 (other	 additional	RMSE	 reduction	 of	1.5%).	




Our	models	did	not	 improve	significantly	after	 including	ρ, in 
contrast	with	what	was	 found	by	 other	 authors	 for	 tree	models	
(Chave	et	al.,	2005,	2014).	A	potential	explanation	of	this	pattern	
could	be	related	to	 the	 level	of	sampling	 (measurement	error)	as	
was	also	suggested	by	Paul	et	al.	(2016),	given	that	species’	ρ val-
ues	 were	 obtained	 from	databases	 rather	 than	 at	 the	 individual	
level.	 There	 is	 accumulated	 evidence	 that	ρ	 varies	 as	 a	 function	
of	height,	ramification	degree	and	age	(Chave	et	al.,	2009).	Hence,	
database-derived	ρ	 values	 could	 increase	 variability,	 rather	 than	
reduce	 it.	 It	could	be	 interesting	to	test	 if	 reducing	this	method-
ological	bias	 could	 significantly	 improve	 the	predictive	power	of	
biomass	models.
4.2 | Practical field considerations in order to 
accurately estimate shrub biomass
Much	work	has	been	devoted	to	discussing	how	to	adequately	es-
timate	 individual	AGB	 in	 trees	 (Brown,	1997;	Chave	et	al.,	2014;	
Feldpausch	 et	 al.,	 2012;	 Ketterings	 et	 al.,	 2001;	 Ploton	 et	 al.,	

























Paul	 et	 al.	 (2016)	 also	 presented	 simple	 equations	 to	 convert	
measures	 of	 D0,	 D30,	 D50	 and	 D130	 to	 D10	 that	 we	 include	 in	




Even	 though	 stem	 diameter	 measures	 could	 be	 standardized	
across	 protocols	 and	 studies,	 sometimes	 it	 can	 be	 impossible	 to	







We	 found	 a	 large	 dispersion	 in	 shrub	 height	 values	 across	 our	
dataset,	which	could	be	 related	 to	methodological	 aspects	 that	are	






estimated.	 In	all,	 these	methodological	 issues	may	 introduce	signifi-
cant	bias	when	comparing	different	datasets,	as	shown	here.	However,	
the	inclusion	of	height	as	a	predictive	variable	in	a	biomass	model,	im-







Several	 methodologies	 have	 been	 developed	 for	 estimating	
crown	 area,	 height	 and	 stem	 diameter	 from	 remote	 sensing	 (e.g.,	
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allometric	variables	 (BD,	CD	and	H).	Given	that	site-level	sampling	
errors	are	often	the	largest	source	of	error	in	these	estimates	(Paul	






model.	According	 to	Paul	 et	 al.	 (2018),	 there	 are	 no	 low-cost	 (i.e.,	
small	N)	options	for	such	validation.	In	those	cases,	sampling	inten-








We	 developed	 models	 to	 estimate	 individual	 AGB	 of	 shrubs	
worldwide;	 however,	 we	 should	 mention	 that	 biomass	 estimates	
generally	 require	 both	 above-	 and	 belowground	 biomass.	 Paul	 et	
al.	 (2019)	 developed	 models	 to	 estimate	 individual	 belowground	
biomass	 of	 Australian	 shrubs	 and	 multistemmed	 trees,	 based	 on	
diameter	 at	 10	cm	 stem	 height.	 This	 has	 to	 be	 considered	 when	
planning	 root	 biomass	 quantification	 based	 on	 aboveground	 allo-
metric	predictive	variables.	Other	studies	have	also	estimated	tree	
belowground	biomass	based	on	total	AGB	(Cairns,	Brown,	Helmer,	










ple	 size.	We	 also	 showed	 that	Chave	et	 al.’s	model	 had	 a	 good	 fit	
for	 shrubs,	even	when	 the	 fitting	subset	was	 in	part	 (8.7%)	out	of	
the	range	of	applicability	of	Chave	et	al.’s	model,	including	some	in-







Model	 3	 based	 only	 on	 BD	 also	 performed	well	 in	 compari-
son	 to	 those	 proposed	 by	 Paul	 et	 al.	 (2016)	 based	 on	 the	 same	
variable.	 This	 is	 particularly	 true	 for	 Paul	et	 al’s	 MULTI	 model	
based	on	a	dataset	with	similar	applicability	range,	but	comprising	
a	 significantly	 greater	 number	 of	 individuals	 (N	=	5,397),	 which	
explains	 its	 better	 performance	 in	 comparison	 with	 Model	 3.	
However,	 Paul	et	 al.’s	 SHRUB	 model	 yielded	 higher	 underesti-
mates	for	AGB	>	10	kg	in	comparison	with	Model	3	and	Paul	et	al.́ s	




bias	 for	 individuals	 less	 represented	 in	 their	 dataset	 (>10	kg).	











tiveness	 of	 generic	 biomass	 allometric	 models	 developed	 from	
large	datasets,	consistent	with	comparable	models	developed	for	
trees	 across	 forest	 ecosystems.	More	 accurate	 estimates	 of	 for-










1.	 If	 DBH	 can	 be	 accurately	 sampled	 (e.g.,	 tall	 woody	 individuals	
branching	 off	 at	 stem	 height	 >130	cm),	 apply	 Chave	 et	 al.’s	
(2014)	 tree	 model	 (Equation	 3);
2.	 If	 DBH	 cannot	 be	 sampled	 adequately	 (e.g.,	 woody	 individuals	
branching	off	below	130	cm	but	above	10	cm	stem	height),	but	












sible	 to	 record	CD	and	H	 (e.g.,	woody	 individuals	branching	off	
just	above	root	collar),	apply	our	proposed	Model	4	(Table	1).





subject	 to	 variation	 due	 to	 geographic	 constraints	 (Banin	 et	 al.,	
2012;	Goodman	 et	 al.,	 2014).	Our	 database	 comprised	 different	
bioforms	 and	 sites	 distributed	 across	 different	 biomes	 and	 cli-
matic	conditions,	allowing	us	to	test	the	hypothesis	that	changes	
in	these	scaling	relationships	could	affect	the	predictive	power	of	









investment	 strategies	 likely	 to	 result	 in	 different	 crown–mass	
ratios	 among	 woody	 individuals	 with	 similar	 size	 (Ploton	 et	 al.,	
2016).	 Across	 our	models,	 the	 effects	 of	 other	 bioclimatic	 vari-
ables	 (biome	and	GAI)	 significantly	 improved	model	 fits	 particu-





as	was	 found	 for	 trees	 (Blanchard	 et	 al.,	 2016).	 Future	 research	
is	 needed	 to	 explore	 the	 differences	 in	 shrubs’	 scaling	 relation-
ships	across	varying	bioclimatic	conditions	to	accurately	account	
for	these	differences.	As	a	general	conclusion,	the	inclusion	of	bio-






and	height	can	be	combined	 in	different	ways	 to	provide	a	 robust	
AGB	estimate	of	individual	shrubs,	even	more	accurate	than	locally	
developed	 previous	 estimates.	 Our	 study	 supplements	 previous	
well-established	models	 developed	 for	 trees,	 allowing	more	 accu-
rate	biomass	estimation	of	shrubs	that	are	not	usually	accounted	for	
when	quantifying	biomass	 and	 carbon	 stocks.	We	 further	provide	
tools	 for	 a	 methodological	 standardization	 of	 individual	 biomass	
quantification	in	shrub	species	worldwide.	However,	it	is	necessary	
to	 highlight	 that	 this	method	 provides	 estimates—not	 direct	mea-
surements—and	model	errors	should	always	be	carefully	examined	
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